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ABSTRACT: A mastitis detection model was used on 
online SCC (OCC) from automatic milking systems for 
establishment of elevated mastitis risk (EMR), a continuous 
variable where values close to 0 and 1 indicate healthy and 
mastitic cows, respectively. A total of 876,260 EMR and 
OCC records and mastitis treatments from 2,374 first parity 
cows were used for estimation of genetic parameters in 30 
days intervals across the lactation. Using repeated meas-
urements of ln(EMR), heritabilities were h2=0.06-0.15 and 
were slightly larger than heritabilities of repeated ln(OCC) 
measurements, h2=0.06-0.14. Repeatabilities of ln(EMR) 
were 0.57-0.70, whereas they were 0.37-0.50 for ln(OCC). 
Combining ln(EMR) values into a mean ln(EMR) value for 
each period did not decrease heritabilities. However, with 
the data availability for this study it was not possible to get 
reliable results for genetic correlations between EMR and 
mastitis treatments. 
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Introduction 
 

Genetic selection for improvement of cow’s natural 
resistance to mastitis is part of breeding schemes in most 
dairy producing countries. Most schemes include traits 
based on indirect measures of mastitis such as monthly 
somatic cell count (SCC) or udder type traits. In the Nordic 
countries, direct measures of treated clinical mastitis (CM) 
cases are also included. Based on Nordic health data, herita-
bilities of CM have been found to vary from 0.001 to 0.06 
and 0.06 to 0.12 when based on linear and threshold models, 
respectively (Heringstad et al. (2000)). A disadvantage of 
using treatment records is the highly subjective nature of 
such data because of the involvement of a human decision 
in the treatment procedure. Also, treatment records, which 
are mostly related to CM cases, only allow for detection of a 
narrow spectrum of the total disease process. 

 
It is generally accepted that SCC is a good indica-

tor of mastitis, and the genetic correlation between SCC and 
clinical mastitis (CM) has been found to be high, ranging 
from 0.3 to 0.8 with an average of 0.6 (Heringstad et al. 
(2000)). However, monthly SCC is unlikely to capture 
short-term episodes in SCC and may miss some mastitis 
cases. 

 
In automated milking systems (AMS), inline or 

online sensor systems are used to detect cows with abnormal 
milk (e.g. mastitis). A number of different indicators are 

used where electric conductivity is the most common. The 
DeLaval online cell counter (OCC; DeLaval International 
AB; Tumba, Sweden) is an indicator that measures SCC 
accurately at every milking. This kind of data is useful for 
management purposes but may also be useful in a breeding 
context. 

 
Sørensen et al. (2014) proposed a mastitis detection 

model based on OCC measurements where model output 
was based on the concept of ‘degree of infection’ 
(Højsgaard and Friggens (2010)). Since OCC is an indirect 
measure of udder health, a continuous [0;1] variable called 
‘elevated mastitis risk’ (EMR) was used, where values close 
to 0 define a healthy state. As EMR values increase and get 
closer to 1, this signifies that udder health get worse and 
ends with clinical mastitis.  

 
The objective nature of EMR and the multitude of 

measurements also make EMR interesting from a breeding 
perspective. The objectives of this study were to estimate 
genetic parameters of EMR and associated traits and deter-
mine the usefulness of this new trait in a breeding perspec-
tive. 

 
Materials and Methods 

 
Estimation of EMR. The OCC detection model 

for estimation of EMR values had several steps. First, OCC 
measurements were ln_transformed and adjusted for sensor 
device aberrations using exponential smoothing of OCC 
data at sensor level (data from different cows was used). A 
measurement unit deviation was then calculated as the dif-
ference from a fixed mean of 4.00 and used to adjust each 
OCC value at cow level. The adjusted values were expected 
to have a mean of 4.00 without affecting their standard 
deviation. For each cow, the adjusted OCC values were then 
double exponentially smoothed in order to also capture 
trends in time-series data. This step produced two values for 
each cow-milking, an OCC level and a trend. The level and 
trend values were then combined into a latent mastitis indi-
cator variable using factor analysis. Finally, the EMR values 
were created by transformation of the indicator variable to a 
continuous [0;1] scale using sigmoid transformation. This is 
the EMR value to be passed on to further analysis or being 
used for management. 
 

Phenotypic data. Online cell count data from first 
parity cows (5-305 DIM) was collected from 1 research and 
6 commercial herds from October 2007 to January 2014. 



Data was run through the mastitis detection model (brief 
description above) producing a total of 876,260 EMR values 
from 2,374 Holstein cows. Records of mastitis treatments 
were provided by the Danish Cattle Association and a full 
pedigree file containing 21,813 animals was provided by 
Nordic Cattle Genetic Evaluation. 

 
Trait definitions. The lactations were divided into 

time periods of 30 days, and traits were defined within each 
period. Most EMR values were close to zero resulting in a 
skewed EMR distribution; thus, the EMR values were ln-
transformed to achieve approximately normally distributed 
data. Three EMR traits were defined within each time peri-
od: 1) repeated ln(EMR) values; 2) the mean ln(EMR) with-
in time period; and 3) EMR variation calculated as the 
square root of the EMR variance within time period.  

 
The OCC trait was defined as repeated ln(OCC) 

values within each time period. Only values accepted by the 
detection model were used. Finally, a binary mastitis trait 
trait (treatment or not) was defined within each time period. 

 
Genetic analysis. A linear animal repeatability 

model was used to analyze EMR and OCC data for each 
time period for estimation of heritabilities and repeatabilities 
across the lactation. A single trait linear animal model was 
used to analyze the mastitis traits. The mean ln(EMR) traits 
was analyzed together with the mastitis traits using a bivari-
ate linear animal model for estimation of genetic correla-
tions between the 2 traits. All models included a fixed effect 
of calving age (19-36 months) and a random herd-year-
season and additive genetic effect. The repeatability models 
included a permanent environmental effect for estimation of 
repeatability. Standard errors of heritabilities and repeatabil-
ities were estimated using Taylor series approximation. 

All (co)variance components were estimated using 
the AI-REML algorithm (Jensen et al., 1997) included in the 
DMU-package (Madsen and Jensen, 2006). 
 

Results and Discussion 
 

Descriptive statistics. The proportion of EMR 
values above the alert threshold (EMR = 0.6) was low in all 
time periods (2.9 to 3.9 %), resulting in low mean EMR 
values which were 0.084 in period 1. The mean EMR value 
dropped to 0.061 in period 2 and increased across the lacta-
tion to 0.098 in period 10. As expected cows treated for 
mastitis had higher EMR values compared to non-treated 
cows. The difference between the 2 groups of cows was 
largest in period 1 (0.24 vs. 0.073). The the difference be-
came less distinctive towards the end of the lactation, and in 
period 8, non-treated cows actually showed a higher mean 
EMR value compared to treated cows (0.082 v.s 0.082). 

 
The overall incidence of mastitis treatments was 

low and ranged from 1.1 % to 6.0 %, highest in period 1 and 
lowest in period 4 and 5. Differences in treatment incidenc-
es were observed among the herds, some herds did not have 
any treatments at all in some periods and others had inci-
dences up to 11.4 %. 

Figure 1 shows the functionality of the detection 
model. This particular cow was pointed out by the detection 
model as having acute mastitis 2 days prior to day of treat-
ment on April 13th. 

 
Figure 1: Example of a cow treated for mastitis and 
pointed out by the mastitis detection model 

 
 

Genetic parameters. Heritabilities of ln(EMR) 
differed across the lactation (Figure 2). The heritabilities 
were all different from 0 and ranged from 0.06 to 0.15 (SE = 
0.03 to 0.04). Heritabilities of ln(OCC) were of similar 
magnitude and ranged from 0.06 to 0.14 (SE = 0.02 to 0.04). 
Differences between the 2 traits within time period are like-
ly to be related to the correlation between measurements 
which are higher for EMR because of the smoothing pro-
cess. Thus, larger repeatabilities, ranging from 0.57 to 0.70, 
were observed for ln(EMR) compared to 0.37 to 0.50 for 
ln(OCC). Variance of EMR was less heritable, ranging from 
0.02 to 0.09, compared to ln(EMR). Also, the standard er-
rors of the estimated heritabilities of EMR variance were 
larger, causing the heritability not to be different from 0 in 
some time periods. From these observations this trait defini-
tion of EMR cannot be recommended for breeding purposes. 

 
Figure 2: Heritabilities of ln(EMR) and ln(OCC) based 
on single trait genetic analyses and mean ln(EMR) based 
on bivariate analyses 

	  
 
 
 



The single trait genetic analysis of the mastitis 
traits resulted in very little genetic variation and heritabili-
ties that were not different from 0. When linear models are 
used to analyze binary traits, estimates of heritabilities are 
incidence dependent (e.g. Gianola, 1982). Thus, the low 
treatment incidences in the present study may explain the 
low heritabilities. Also, the number of cows and herds used 
in the present study may be too low to provide enough in-
formation for estimation of heritabilities of mastitis. In peri-
od 5, we estimated a very high heritability of 0.19 which 
indicates that there was a likely problem with the infor-
mation structure in the present study. For comparison, 
breeding values for udder health in the Nordic countries are 
estimated using heritabilities in first parity of 0.024 to 0.032 
(Johansson et al. (2006)). The use of a more appropriate 
threshold model may improve the results for the mastitis 
traits. 

 
In the bivariate genetic analyses, the EMR values 

were combined into a single value for each cow and period. 
This resulted in slightly different heritabilities for EMR 
(Figure 2). The values were higher in most time periods but 
with larger standard errors of SE = 0.04 to 0.05. The bivari-
ate analysis did not improve the estimated heritabilities of 
mastitis which were still not different from 0. It proved 
difficult to estimate the genetic correlations between mean 
ln(EMR) and mastitis for the different periods. The estimat-
ed genetic correlations were not clear and ranged from 0.58 
to 1. In period 10, the used software refused to estimate 
additive genetic covariances most likely because of insuffi-
cient data information. In period 8, the estimated genetic 
correlation between the 2 traits was -1, which was clearly 
wrong because of the expected positive genetic correlation 
between EMR values and mastitis cases. 

 
Implications. The present study showed that out-

put from the mastitis detection model, EMR values, are 
heritable and that the heritabilities were larger than herita-
bilities of the mastitis traits used in the current breeding 
value estimation. However, the heritabilities varied consid-
erably across the lactation when using a simple repeatability 
model and dividing the lactation into time periods which 
were analyzed separately. We choose a simple approach for 
this study; however, a random regression model (e.g. Jakob-
sen et al. (2006)) may be more appropriate for analyzing this 
kind of data. The EMR values can also be combined into a 
single mean EMR value, which was used in the bivariate 
analysis, without loss of information.  

 
Compared to the OCC values the overall heritabil-

ity of the EMR values was larger and SE smaller despite the 
repeatabilities being higher for the EMR values. The reason 
for this is that the mastitis detection model acts as data filter 
and removes OCC measurements that are associated with 
measurement errors. Also, the ln-transformed OCC values 
are standardized to an expected mean of 4.00. Altogether, 
this reduced the residual variation.  

 
 
 

Currently, the number of dairy farms using OCC 
equipment is low but may increase in the future. Installment 
of this kind of equipment may cause some dairy farms to 
resign from participation in dairy herd improvement 
schemes because they got all the necessary cow information 
on the farm. The consequence of this is loss of information 
for estimation of breeding values. However, online access to 
AMS is possible, and with OCC equipment installed it is 
still possible to get information about udder health in these 
herds. 

 
Conclusion 

 
Heritabilities of ln(EMR) values were overall 

slightly higher than heritabilities of ln(OCC) data but had 
higher standard errors. The slightly large heritability can be 
explained by removal of data noise by the mastitis detection 
model. Repeated measures of ln(EMR) can be combined 
into a mean EMR value without loss of information which 
make it easier to implement EMR into genetic improvement 
programs for udder health. Genetic correlations between 
mastitis traits currently used in breeding values estimation 
for udder health and mean ln(EMR) were expected to be 
high. However, it was not possible to produce reliable ge-
netic correlation with the data available for this study. The 
use of EMR data in breeding programs may prove useful 
when dairy farms using OCC equipment choose not to par-
ticipate in dairy herd improvement schemes but still allow 
for extraction of farm data for breeding value estimation. 
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